T he counterfactual approach directs attention to a specific quantity -the expected difference between a person's outcome if their score on a causal variable was positive and that person's outcome if their score on that causal variable was neutral or negative (Morgan and Winship 2007) .
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A positive value on a causal variable is usually called a "treatment;" a neutral or negative value might be called "control" but we reserve that word for control variables in a multivariate analysis.
To get farther, we need some notation. Following a convention in the literature we suppose that every person i has two possible outcomes, the only they would experience in the "treatment" condition, y i |D i = 0) provides no cases that would let us calculate the difference (δ i ) or the average treatment effect δ = E(y
i ). Even when we do observe both, as in a panel study, one occurs before the other.
In cross-sectional data, we seek conditions that will make the difference between the two observable conditional means E(y i | conditions, D i = 0) equal to the expected value of the difference δ. That will be true if the observed conditional means are good proxies for their unobserved counterparts; formally:
It is also true in the degenerate case in which the expected conditional means are equal whether the person is treated or not, implying that δ = 0:
In cross-sectional data, causal inference is suspect because the coefficients from otherwise ap-propriate models rely on observed variables to specify the conditions. As we can neither be sure we have exhausted the list of appropriate variables nor that we have specified the functional form linking those variables to the outcome correctly, we look to other quasi-and natural experiments to get more leverage on causal inference.
Panels offer hope for better causal inference because they give us data on both y
(1) i and y (0) i for some cases. For those cases, we do not have to rely on the difference in expected values, we can observe the difference itself. The familiar fixed effects estimate takes that approach directly:δ f ixed = E(y
where t and t are different waves of the panel study. The fixed effects estimator eliminates time-invariant unobserved variables that might bias a cross-sectional estimate. But there are still conditions that must be met in order for δ f ixed = δ to be true. Sequence must not matter, that is, E(y
. That condition can be tested. More problematic, experiencing a change in treatment must be independent of the expected outcome of the change, that is,
In randomized controlled trials, the design makes independence a reasonable assumption because people do not chose if and when treatment occurs. In observational studies, it seems likely that some people will choose or avoid treatment because of what they expect δ to be.
To avoid that Morgan and Winship (2007) invite us to think about a situation in which we initially observe everyone untreated, that is, D i0 = 0 for all i. We could then drop the never-treated cases (the ones for which D it = 0 for all t), and estimateδ treat = E(y
That works if there is no trend in y. If y is changing over time, though,δ treat > δ. We need a method for removing the change in y over time from the estimate ofδ treat . They recommend a statistical model with time and treatment as predictors of y. To separate the effect of treatment from the underlying trend in y, they introduce a distinction between assignment to treatment and treatment itself. Assignment (D * i ) does not vary over time but treatment D it does; interacting D * i with time t allows for different trends among the ever-treated and never-treated:
where ν i is a random variable N (0, σ 2 ν ) that captures time-invariant attributes of i that are uncorrelated with D or D * , and it is a random variable logistic(0, π 2 /3) uncorrelated with any other variable in the model.
We modify the Morgan and Winship (2007) counterfactual panel model two ways to accommodate the facts that the time trend in religious affiliation may not be linear (although it appears to be in Figure 1 ) and in the GSS panel we may have more than one treatment changing between waves. It is also true that some people are in the treated condition when they are first observed; the statistical adjustments in the model are sufficient to accommodate that contingency. We also regard "moderate" as the neutral condition, and allow both being liberal and being conservative to work as political treatments. Thus our model is:
where T t is a dummy variable equal 1 in year t and 0 otherwise, t = 2006, 2008, 2010, or 2012 ; the Zs are covariates some of which vary over time, some of which do not. We consider competing treatments by adding additional Ds and D * s:
The causal inference literature introduced the idea of causal heterogeneity, in particular, the 
